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Location: Europe.

Taxon: Virtual species.

Methods: We applied ENMs to two virtual species with contrasting levels of speciali-
sation, across a spectrum of modelling conditions, bias types and sample sizes.
Results: Models applied to the specialist species had on average a lower performance
than those applied to the generalist species. Using a biased sample reduced model
performance, especially when the bias was strong, and when the sample size was
large. In many cases, spatial filtering failed to improve model performance or even
reduced it. We did find an improvement for the generalist species modelled with large
and strongly biased datasets. However, there was no optimal filtering distance, as this
improvement was linearly and positively associated with filtering distance. Moreover,
because the initial bias was strong and the filtered dataset became very small, the
resulting models had only very low accuracy.

Main Conclusions: Our results suggest that there is no optimal filtering distance for
dealing with sampling bias in ENMs, and that spatial filtering never improves model
performance enough to draw accurate predictions. We therefore recommend spatial
filtering to be employed cautiously, only when enough data are available, and bearing

in mind that its effectiveness remains highly uncertain.
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1 | INTRODUCTION

Most of the occurrence data that compose biodiversity databases
such as the Global Biodiversity Information Facility (GBIF) origi-
nate from opportunistic observations collected as part of citizen
science projects or from monitoring programmes (Edwards, 2004).
The density of these data is associated with geographical and tem-
poral patterns of sampling effort, which are linked to accessibility,
season, or human population density (Bowler et al., 2022; Correia
et al., 2019; Mair & Ruete, 2016). We often observe a scatter-
ing of occurrence data towards easily accessible areas that does
not correspond to a higher population density. On the contrary,
an absence of occurrences may reflect the lack of sampling ef-
fort instead of the absence of the species. As a result, occurrence
datasets are frequently biased and characterised by a geographi-
cal distribution that does not fully reflect the true distribution of
species (Beck et al., 2014; Daru & Rodriguez, 2023; Garcia-Rosello
et al., 2023; Hughes et al., 2021).

These—potentially biased—datasets are frequently used in a
variety of methods known as species distribution models (SDMs)
or ecological niche models (ENMs), whose principle is to link oc-
currence data and environmental variables to map species' habitat
suitability (Elith & Leathwick, 2009). These approaches have become
very common in the fields of biogeography, climate-change ecology
or invasion biology, and are implemented through various statistical
tools, from simple generalised linear models to advanced machine-
learning algorithms such as the popular MaxEnt (Elith et al., 2006,
2010). If the initial datasets are biased, models tend to overesti-
mate the importance of environmental values in oversampled areas,
resulting in distorted predictions of species distributions (Baker
et al., 2022; Beck et al., 2014; Bystriakova et al., 2012; Guillera-
Arroita et al., 2015).

A number of approaches have been proposed to address the
problem of sampling bias in occurrence data in the context of
ENMs. Among them, some methods focus on manipulating the
background data, which are often used in lieu of true absences
when only species' sightings (i.e., presence data) are available. The
general principle consists in sampling the species' accessible area
(Barve et al., 2011) with the same bias as in the occurrence dataset.
This can be achieved for instance by using background thicken-
ing at the proximity of species records (Vollering et al., 2019), or
using occurrences from sister species (supposedly collected with
the same bias) as a so-called target-group background (Barber
et al., 2021; Phillips et al., 2009; Ranc et al., 2017). Another pos-
sibility, that is offered in the MaxEnt method, is to incorporate a
bias grid which weights occurrences by sampling effort (Dudik
et al.,, 2007; Elith et al., 2010; Merow et al., 2013). The perfor-
mance of background manipulation methods, however, is depen-
dent on a good knowledge of the structure of the bias, which is
rare in real-case studies (Baker et al., 2024).

A simple alternative is to manipulate the occurrence records.

In this case, the most common strategy is the spatial filtering or

thinning of input occurrence data (Aiello-Lammens et al., 2015;
Boria et al., 2014; Fourcade et al., 2014; Galante et al., 2018). It con-
sists in sub-sampling the data by enforcing a minimum distance be-
tween two occurrences. The removal of points that are located in
close proximity to one another ensures that the spatial density of
occurrence data is homogenised. Thus, the principal of spatial filter-
ing involves removing information in a targeted way so that it can im-
prove the performance of models. An alternative approach is to filter
occurrences in the environmental space instead of the geographical
space, to eliminate data aggregates in similar environmental condi-
tions (Castellanos et al., 2019; Varela et al., 2014). In several studies
that tested methods of sampling bias correction, spatial filtering ap-
peared to be able to mitigate, at least to some extent, the effect of
bias on the resulting models (Boria et al., 2014; Fourcade et al., 2014;
Inman et al., 2021; Kramer-Schadt et al., 2013). Due to the positive
outcomes observed in these studies, and because it is easy to imple-
ment (e.g. Aiello-Lammens et al., 2015), spatial filtering has emerged
as one of the most frequently used correction method for dealing
with datasets suspected to be biased.

Currently, though, the choice of an appropriate filtering distance
remains an open question. The optimal distance is likely to depend
on the species' ecology, the environmental heterogeneity, and the
patterns of sampling scheme, information that is often unavailable
(Aiello-Lammens et al., 2015). Therefore, in practice, the filtering
distance is generally chosen by the modeller based on a visual evalu-
ation of the spatial smoothing of occurrences. Modelling frameworks
usually retain a single occurrence record within each grid cell of the
environmental rasters used for modelling (e.g. Phillips et al., 2006),
effectively removing data aggregation at the resolution of the input
variables. However, although it avoids pseudoreplication, it should
not be viewed as an effective method of bias correction. While these
approaches may succeed in correcting sampling bias, they lack ob-
jectivity and reproducibility. The absence of guidelines for choosing
an optimal filtering distance that would balance information loss and
mitigation of sampling bias presents a significant knowledge gap that
hinders the reproducible implementation of ENMs for species with
biased input data.

Since this ‘ideal’ distance, if it exists, is certainly context-
dependent, there is a need for developing a set of recommendations
for selecting filtering distance in different scenarios of bias or vary-
ing species ecologies. The novel objective of this study is therefore
to explore, using virtual species, the efficacy of different filtering
distances in recovering an unbiased distribution under different
modelling, bias, ecology and sampling conditions. Through simula-
tions of species with different levels of specialisation, sampled with
various effort and different bias intensities, we assessed how ENMs
trained from biased occurrence data, and corrected using distinct
spatial filtering distances, can generate predictions that align with
the original species niche. By employing a virtual ecologist approach,
this study aims to offer for the first time an evaluation of the most
suitable filtering distance for correcting sampling bias across con-

trasting ecological contexts.
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2 | MATERIALS AND METHODS
2.1 | Acquisition of climatic variables

For this work, which was carried out entirely using the R software
(R Core Team, 2020), we first compiled various climatic data down-
loaded from the WorldClim database (http://www.worldclim.org).
Each climate variable corresponds here to a raster of 2.5 arc minutes
resolution (approximately 4.63km at the equator), that we cropped
at the extent of Europe. We chose the variables biol and biol2,
representing mean annual temperature and annual precipitation, re-
spectively, to define the virtual species' niche. In addition, we also
obtained six additional variables that were used for fitting MaxEnt
models (see Section 2.4): temperature seasonality (bio4), maximum
temperature of the warmest month (bio5), minimum temperature of
the coldest month (bio6), precipitation of the wettest month (bio13),
precipitation of the driest month (bio14), and precipitation seasonal-
ity (biol5).

2.2 | Creation of virtual species

To obtain reference species for which their true niche is known, we
simulated two terrestrial European species, defined solely in terms
of their response to two climatic variables (biol and bio12) (see
Bazzichetto et al., 2023 for a similar approach). Two types of vir-
tual species were established via the virtualspecies R package (Leroy
et al., 2016): a generalist species and a specialist species, defined as
such by their response curves (Figure 1).

The response function of the generalist species to temperature
(biol) followed a Gaussian distribution with a mean value (i.e., the
optimal temperature conditions) approaching the European mean
temperature, that is, 10°C, and a standard deviation of 10°C. The
response function for precipitation (bio12) was logistic, with an in-
flection point at 800 mm per year, once again close to the European
average, and a parameter alpha of -125, which conditions the
smoothness of the transition between low and high suitability
(Figure 1).

The response functions of the specialist species to climatic
variables were identical to the previous one, but with a standard
deviation of only 2°C for temperature and an alpha value equals
to -25 for the logistic response to precipitation (Figure 1). As
a result, the specialist species as a narrower tolerance to tem-
perature and its suitability declines rapidly when confronted
to dry conditions. It also results in a smaller range and a lower
prevalence.

A raster of environmental suitability was obtained for each
species by summing the responses to each variable. This was
then converted into a presence-absence raster using suitability
values as sampling probabilities in each grid cell (Figure 1), thus
avoiding defining a fixed threshold to convert suitability into

presence-absence.

EEME ey

2.3 | Biased sampling and spatial filtering

We simulated the process of occurrence sampling by randomly
drawing 20, 200 and 2000 grid cells corresponding to ‘presences’
from the presence-absence rasters, as well as the same number of
absences. In addition to a true random sampling, we created biased
samples simulating real situations in which the sampling was not rep-
resentative of the actual distribution of the species.

We defined first a bias (referred to as ‘accessibility’ later on) using
a raster of road density (from highways to local roads) obtained from
the Global Roads Inventory Project (Meijer et al., 2018) and hosted
by the Food and Agriculture Organisation of the United Nations
(https://data.apps.fao.org). We simulated different bias intensities
by raising the density values to variable exponents ("1, A2, A5 and
~0). These rasters were used as sampling weights, resulting in spe-
cies samples that were biased in proportion to road density, which
is typical of many real datasets that feature higher sampling effort
at the proximity of roads because of better accessibility (Hughes
et al., 2021; Phillips et al., 2009).

We defined a second bias (referred to as ‘niche truncation’ later
on) where sampling was restricted to a portion of the virtual spe-
cies' climatic niche. To do so, we discarded regions located in the
25% (>12°C and >652mm), 50% (>7.5°C and >558mm) and 75%
(>2.5°C and >368mm) highest values of climate conditions. Such
niche truncation happens when there is a large imbalance between
regions in terms of sampling effort or data availability (e.g. Fourcade
etal, 2013).

For each replicate, we tested filtering distances from O to
1000km, with steps of 10km between 0 and 200km, and then steps
of 50km from 200 to 1000km. Spatial filtering was implemented
using the spThin R package (Aiello-Lammens et al., 2015), which ran-
domly removes data until it returns the maximum possible number of
occurrences for a given filtering distance. Since the process involves
removing data at random, we repeated the filtering algorithm and all
subsequent analyses 10 times to establish the minimum and maxi-
mum outcomes for each distance tested.

2.4 | Ecological niche modelling

We used two complementary methods to measure the ability of
different strategies of spatial filtering to help modelling the niche
and distribution of species under different bias conditions. First, we
fitted ENMs using logistic regressions Generalised Linear Models
(GLM), based on presences and absences, sampled in equal number.
To do so, we modelled species' probability of presence as a function
of temperature (biol) and precipitation (bio12), using a quadratic re-
sponse function for the temperature variable and a linear response
function for the precipitation variable, mimicking the processes that
defined the virtual species' niches. Therefore, we simulated here a
case in which the true variables and responses are known from the

modeller, and absence data are available.
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FIGURE 1 Framework used in this study: creation of virtual species by defining their responses to two climate variables, from which are
derived a raster of suitability and a raster of presence-absence; biased sampling of presence and absences; application of a spatial filtering
approach to reduce the bias (36 filtering distances up to 1000 km); ecological niche modelling to produce modelled response curves and
suitability maps, which are then compared with the ‘true’ species' niche and distribution. Niche models from biased datasets were also
compared with models produced from unbiased (i.e. random) samples to evaluate the ability of spatial filtering to mitigate the effect of

sampling bias.

This case is, however, very rare in practice. Most often, only pres-
ence data are available (occurrences) and the response functions
and variables involved would be unknown. Secondly, we thus fitted
maximum entropy models (MaxEnt) (Phillips et al., 2006) with 10,000
background points randomly sampled across Europe and eight cli-
mate variables as predictors: mean annual temperature (biol), tem-
perature seasonality (bio4), maximum temperature of the warmest
month (bio5), minimum temperature of the coldest month (bio6), an-
nual precipitation (bio12), precipitation of the wettest month (bio13),
precipitation of the driest month (bio14) and precipitation seasonality

(bio15). Here, models were fitted with the ‘maxnet’ R package (Phillips
et al., 2017), and we restricted feature classes to ‘linear’, ‘quadratic’
and ‘hinge’ and used a regularisation parameter of 2 to avoid overfit-
ting. To check whether the different number of variables used in the
MaxEnt and GLM models could influence our result, we also fitted
MaxEnt models (six replicates) using the same two variables biol and
bio12 that were used in the GLM and to create the virtual niche.

For both GLMs and MaxEnt models, we projected the modelled
niche into the European climatic space, producing a map of predicted

species' suitability ranging from O to 1.
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TABLE 1 Performance of the unbiased models (trained with occurrences [MaxEnt] or presence-absence data [GLM] randomly sampled,
that is, with no sampling bias) at modelling species' true distributions and response curves with temperature (bio1l) and precipitations (bio12)

variables.

Similarity with true distribution

Similarity with true response curve

Virtual species type Number of sampled points MaxEnt
Generalist 20 0.913
200 0.950
2000 0.958
Specialist 20 0.625
200 0.660
2000 0.683

GLM Temperature Precipitations
0.864 0.763 0.702
0.925 0.762 0.702
0.925 0.763 0.702
0.628 0.767 0.702
0.723 0.766 0.531
0.764 0.765 0.574

Note: Model's ability to recover species' distribution was evaluated with the Schoener's D niche overlap index between modelled and true suitability
maps, and model's ability to recover response curves was assessed by directly comparing the true response curves with the modelled responses
obtained from the GLMs (see Section 2.5; Figure S1); both indices range from O (totally different) to 1 (perfectly similar).

2.5 | Evaluating unbiased, biased and corrected
niche models

Because we used virtual species, we could directly compare
niche model outputs to the true species' distributions without
relying on model evaluation metrics. First, we assessed how well
niche models trained with unbiased data were able to predict
species' environmental suitability by comparing modelled suit-
ability maps with their true suitability, using the Schoener's D

index (Dunbiased vs. true

tween O and 1, represents the similarity between two rasters and

). This index of niche overlap, which lies be-

is recommended to compare predictions of niche models (Rédder
& Engler, 2011).

Then, we used each of these unbiased models (two types of spe-
ciesx three sampling efforts xtwo modelling methods=12 models)
as reference benchmarks against which we compared the suitability
maps produced from biased datasets and corrected with various dis-
tances of spatial filtering (O corresponding to uncorrected datasets).
We computed Schoener's D between the outputs of niche models
trained with biased (corrected) datasets and the true suitability
(D
value and the D

piased vs. true), and reported the percent difference between this

unbiased vs. true Value previously obtained for the same
type of model (i.e., same species, sampling effort and modelling
method). Thus, the obtained estimate of model performance is <O
when the models trained from biased datasets are less performant at
recovering the true distribution than the same models trained from
unbiased datasets. It reaches O when the spatial filtering has per-
fectly corrected for sample bias.

In addition, we compared the response curves obtained from
the GLMs to the initial functions of each climate variable as de-
fined in the virtual species. After every GLMs, we retrieved the
regression coefficients obtained for each of the two climate vari-
ables and used them to plot their response curve normalised be-
tween 0 and 1. Normalising allowed us to compare each modelled
curve with the initial curves of temperature and precipitation vari-
ables we used to create the two virtual species. At each integer

value of temperature and precipitation, we calculated a propor-
tion of similarity between the predicted and true suitability, which
we averaged to produce a new similarity index ranging between O
and 1. We reported the percent difference between this index as
produced by models in the absence of bias and for models fitted
with biased (and corrected) datasets, for each replicate. The pro-
cedure is illustrated in Figure S1.

3 | RESULTS

3.1 | Performance in recovering species' true
distributions

3.1.1 | Unbiased models

For both modelling algorithms, in the absence of bias and for both

species, the value of D thatis, the similarity between the

unbiased vs. true’
modelled and true distributions, increases with sampling effort (here
the number of data points used), the maximum performance being
systematically achieved for 2000 occurrences (Table 1). However,
niche models obtained for the specialist species were less effective
=0.625;
max D pissed vs. rue=0-764) than those obtained for the general-

unbiased vs. true =0-864; max D =0.958).

MaxEnt models appeared to obtain a better performance for the

. L .
at recovering the true species' niches (min D .4 vs true

ist species (min D unbiased vs. true
generalist species, while GLMs performed better for the specialist

species.

3.1.2 | Biased and uncorrected models

Biased sampling resulted, for both accessibility and niche trunca-
tion biases, in a reduction of the performance of niche models ap-
plied to the generalist species (see Figure 2 with spatial filtering
distance=0). The reduction in performance was stronger when the
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methods (presence-background MaxEnt and presence-absence GLM), different bias types (accessibility derived from road density and niche
truncation) at different intensities, and different sample sizes (20, 200 or 2000 species occurrences sampled in the virtual species' niche).
Model performance is expressed as a percent difference between models computed from the biased datasets and from the corresponding
models fitted with unbiased (i.e. randomly sampled) datasets, and is based on Schoener's D niche overlap with the true suitability maps of
virtual species; hence, values <0 show models that perform worse than the unbiased models. Since the spatial filtering approach involves
random sampling, it is repeated 10 times; results show the median values as a solid black line, along the minimum and maximum values as
grey ribbons. The number of presence points available for modelling after spatial filtering is presented for two filtering distances (250 and
750km) as red numbers (Figure S2).

MaxEnt method was used rather than GLMs, and with higher bias 3.1.3 | Biased and corrected models
intensities and larger number of samples.

For the specialist species, we also observed that MaxEnt models In all cases, increasing the filtering distance reduced the number of
trained with biased data showed a decrease in performance, except occurrences available for modelling. This reduction is proportional
in a few cases (accessibility bias, low bias and few samples) where to the initial sampling effort, and led to roughly the same number
model performance increased with the bias. Unexpectedly, GLMs of remaining occurrences for a given filtering distance, regardless of
trained on the specialist species with biased and uncorrected data- the number of initial sampling points (Figure S2). For the strongest
sets had always a better performance than the same models trained biases, it means that large spatial filtering distances resulted in less
using an unbiased sample (Figure 2). than 10 occurrences (Figure S2; Figure 2).
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Spatial filtering almost never improved the performance of
GLMs (Figure S3). On the contrary, it often decreased the ability
of models to recover the original species distributions compared
to the corresponding unbiased models. This reduction in model
performance was stronger with increasing filtering distances
(Figure 2).

The effect of spatial filtering on MaxEnt models was more
variable depending on species type and bias type/intensity. When
applied to the generalist species, spatial filtering resulted in im-
proved model performance (Figure S3), especially for strong bi-
ases and large datasets (200 or 2000 occurrences). We did not
observe an optimal filtering distance, as model improvement in-
creased roughly linearly with increasing distance (Figure 2), al-
though it reached a plateau for some cases of intermediate bias
intensity (e.g. second level of accessibility bias with 2000 occur-
rences). Spatial filtering had little impact on model performance
for small datasets biased with low intensity.

For the specialist species, applying spatial filtering resulted
in a decrease in the performance of MaxEnt models, which was
stronger with increasing spatial filtering distance. For the niche
truncation bias with the highest intensity (i.e. when 75% of the
species' niche is unobserved), increasing spatial filtering distance
contributed to increase model performance with no observable
plateau (Figure 2). In all cases where spatial filtering helped in bias
correction, model performance remained lower than that with the

unbiased dataset.

3.2 | Performance in recovering species' true
response curves

Using an unbiased dataset, the similarity between response
curves obtained by the GLMs and the original responses differed
only little between species and sampling efforts. Still, we ob-
served a clear decrease for the specialist species modelled with
200 and 2000 occurrences, for the precipitation variable only
(Table 1).

When presence-absence data were sampled with a bias, and not
corrected by spatial filtering, the temperature response curves were
only little affected by the bias (Figure 3). Accordingly, spatial filtering
did not contribute to improvements in models' ability to recover the
true response, and occasionally made it worse.

In contrast, sampling bias made the modelled responses to
precipitations sometimes closer (e.g. specialist species with
strong biases and large sample sizes) or further away (generalist
species sampled with the 25% niche truncation and low sample
size) from the species' real response curve than unbiased models
(Figure 3). The effect of spatial filtering on models performance
in recovering the true response curves to precipitation was very
uncertain, with seemingly random improvements or performance
loss depending on filtering distance, or even within a given dis-

tance (Figure 3).

EENE ey

4 | DISCUSSION

41 | How do unbiased ENMs perform on different
datasets?

Beyond the main objective of this study, which was to evaluate the
effect of spatial filtering distances on sampling bias mitigation, our
virtual ecologist approach (Figure 1) yielded valuable insights into
the ability of ENMs to predict species distributions. We observed
that unbiased models applied to the generalist species consistently
exhibited higher performance than those fitted to the specialist spe-
cies, regardless of the method used (Table 1). It suggests that spe-
cies with a high degree of specialisation are more difficult to model,
which contrasts with prior research that established on the contrary
that niche models applied to habitat specialists were more accurate
(Hallman & Robinson, 2020; McCune et al., 2020; McPherson &
Jetz, 2007; Tessarolo et al., 2021), although the opposite has also
been shown (Inman et al., 2021; Soultan & Safi, 2017). This may be
explained by the fact that these earlier studies did not make a di-
rect comparison of model outputs against the species' known niche.
There are also theoretical underpinnings that may explain why we
failed to reach the same level of performance for specialists com-
pared with generalist species. Indeed, ENMs benefit from using
background or absence data sampled in proximity to species pres-
ence, ideally within the species' accessible area (Barve et al., 2011).
Here, we sampled instead the entire European region for both gen-
eralist and specialist species, which may be less appropriate for
species whose distribution is limited to restricted areas (Aratjo &
Guisan, 2006).

It appeared that a larger number of sampling points led to more
accurate predictions of species' distributions. Such pattern has been
shown before (Hallman & Robinson, 2020), and is intuitive because
larger sampling means greater knowledge of the ecological niche of
the species studied (Boyd et al., 2023). However, it has often been
suggested that small sample sizes—as low as ca. 10 occurrences—
were enough to reach good model performance, and that increas-
ing sample size beyond a few dozens or hundreds was unnecessary,
especially for specialist species (Boria & Blois, 2018; Stockwell &
Peterson, 2002; van Proosdij et al., 2016). Our results show a clear
increase in model performance between unbiased models fitted
with 20 and 200 occurrences, less so between 200 and 2000 occur-
rences (Table 1), suggesting both that a couple dozen occurrences
may be too few, and that increasing sample size up to thousands of

data points may be useless.

4.2 | What s the effect of sampling bias on the
performance of ENMs?

Gaul et al. (2020) showed that sample size was a more important
predictor of ENM accuracy than the spatial bias in the training

data. Here, we show that these factors interact, leading to a larger
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FIGURE 3 Performance of generalised linear models trained with biased datasets in recovering the true response curves of virtual
species, corrected with various spatial filtering distances. Model performance is expressed as a percent difference between models
computed from the biased and unbiased datasets, and is based on a comparison between the modelled and true response curves, for the
temperature and precipitations variables (see Section 2.5; Figure S1). See Figure 2 for full legend details.

reduction in model performance when large datasets are biased,
compared to smaller datasets biased in the same way (Figure 2). A
similar result was observed by Bean et al. (2012), who suggested
that small samples, even if they were biased, prevented overfitting
and thus allowed models to extrapolate species suitability beyond
the sampled area. In this regard, spatial filtering, which reduces the
amount of data while smoothing them in the geographical spaces,
may provide an interesting solution for mitigating the effect of sam-
pling bias in large datasets.

It is remarkable that some biased datasets led to predictions
of species distribution that were closer to the true distribution (as
defined by our virtual species) than the same type of model fitted
to an unbiased dataset. This situation was found almost exclusively
for the specialist species modelled using a GLM, here fitted with
presence-absence data and the true variables that constrained the
species' niche. This outcome appears counterintuitive at first glance.

However, for a highly specialised species, a concentration of sam-
ples with 100% location accuracy (Naimi et al., 2014)—since they
are sampled from the true presence-absence raster—in a small re-
gion may be more effective at representing the subtle details of the
niche than a random sample distributed across a large area (Araujo
& Guisan, 2006).

We observed that ENMs fitted with the MaxEnt method were
more affected by the bias than the GLMs (they were also less per-
formant in modelling the specialist species with unbiased data, see
Table 1). This could be because of the fact that MaxEnt models
used presence-background data, complex response functions and a
larger set of climate variables (including irrelevant ones), contrary
to our GLMs that were fitted with parameters that were as close as
possible to the true species' niche (Brotons et al., 2004). However,
results obtained for MaxEnt models fitted with the same two vari-
ables as GLMs were highly correlated with those obtained for the
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model with eight variables, suggesting that variable choice did not
cause these differences (Figure S4). Modellers are usually unaware
of the important variables, must accommodate presence-only data,
and thus rely on flexible machine-learning methods such as MaxEnt,
but also random forest or boosted regression trees algorithms (Elith
et al., 2006). Therefore, although our simulations conducted using
GLMs are important from a theoretical point of view, we consider
that they provide little insights into the effect of bias and spatial

filtering for real-life applications.

4.3 | At what scale does spatial filtering
improve the performance of biased ENMs?

Our spatial filtering approach proved to get vastly different effec-
tiveness depending on the modelling settings (Figure 2; Figure S3).
With the GLM algorithm, which was already little impacted by the
bias, sub-sampling the data appeared to only reduce the accuracy
of the models, or at best to have no effect on model performance.
The results obtained with the MaxEnt algorithm, on the other
hand, showed that when the bias is strong and the sample size
is large, spatial filtering can help improving the model. Spatial fil-
tering has been tested previously with MaxEnt models, because
of their prevalence in the ENM literature, and was frequently
found to be effective in mitigating sampling bias in the input
data (e.g. Boria et al., 2014; Fourcade et al., 2014; Kramer-Schadt
et al., 2013; Radosavljevic & Anderson, 2014, but see Ten Caten
& Dallas, 2023). Under which circumstances it performs best re-
mained an open question. Using a fixed filtering distance of 15km,
Inman et al. (2021) found, like us, that sampling bias correction
was positively correlated with the intensity of the underlying bias
and that it performed better on generalist species. While it was
suggested that spatial filtering could be appropriate for dealing
with sampling bias in small datasets (e.g. Galante et al., 2018),
our simulations using virtual species suggest that this strategy is
mostly effective for large sample sizes. Similarly, Kramer-Schadt
et al. (2013) recommended spatial filtering to be employed for
large datasets only, as the approach necessarily removes part of
the dataset.

The novelty of our study was that we explored a range of
spatial filtering distances to determine the best distance to thin
a biased occurrence dataset in different ecological contexts. Our
hypothesis was that model performance would exhibit an initial
improvement as the filtering distance increased, followed by a
subsequent decline once the loss of information outweighed the
benefits of bias mitigation, essentially observing a bell-shaped
curve with an optimal filtering distance at its top. Unexpectedly,
none of our simulation parameters produced this pattern. Instead,
instances where spatial filtering effectively aided in mitigating
sampling bias demonstrated a predominantly linear and positive
relationship between filtering distance and model performance
improvement. This enhancement in performance was still insuffi-

cient to completely counterbalance the impact of bias. Therefore,

EEME e

our findings not only revealed that no filtering distance succeeded
in producing a model as good as that produced with unbiased data,
but also highlighted that the accuracy of the biased model could
still be improved up to a filtering distance of 1000km. However,
very few (less than 10) occurrences remained at the large filtering
distances that led to the highest improvements. Such a small data-
set is most likely not enough to produce accurate models of spe-
cies distributions. Across biases and species types, MaxEnt models
fitted to data filtered with a distance of 1000km had a mean over-
of 0.66 (SD=0.16) only
(Figure S5), denoting predictions that were quite far from reality,

lap with the true suitability (D, vs. true)
even though they constitute improvements compared to the bi-
ased models.

In light of our findings, it becomes evident that the strategy of
spatially filtering biased occurrence data is not universally as suc-
cessful as previous studies suggested (Boria et al., 2014; Fourcade
et al, 2014; Inman et al., 2021; Kramer-Schadt et al., 2013;
Radosavljevic & Anderson, 2014). We demonstrated that this ap-
proach leads to a reduction in model performance when the model
already incorporates a substantial amount of data and knowledge
about the species being modelled. This includes absence data, in-
sights into crucial variables, and an understanding of the shape of
their responses, such as in the GLMs we simulated. In a more realis-
tic application of ENM methods, that is, using presence-background
data and a flexible algorithm fitted with multiple variables, we found
that spatial filtering improves model performance in cases where
the bias is so strong that the resulting models may be of little use
even after correction. Recently, Ten Caten and Dallas (2023) used
real data and simulations to test filtering distances up to 128 km, and
reached the same conclusion that ‘thinning occurrence points does
not improve SDM performance’.

Our study does not prove the existence of an optimal filtering
distance that could definitely solve the problem of sampling bias in
ENMs. Consequently, despite the current prevalence of spatial filter-
ing in many modelling routines, as evidenced by its implementation
in various ENM workflows (e.g. Dobson et al., 2023; Kass et al., 2018;
Velazco et al., 2022), its ability to effectively address sampling bias
remains uncertain. Failure to improve model performance is espe-
cially clear for specialist species sampled with low intensity, where
spatial filtering sometimes decreases the ability of MaxEnt models
to predict species distributions (see Ten Caten & Dallas, 2023 for a
similar conclusion). In this case, any attempt to filter the input data
runs the risk of removing key data points that were crucial for mod-
elling the species' niche. It may be then advisable to switch instead
to methods of background manipulation that do not contribute to
information loss (Barber et al., 2021; Dubos et al., 2022; Phillips
et al.,, 2009; Ranc et al., 2017; Vollering et al., 2019). Studies that
tested environmental filtering along with spatial filtering also con-
cluded that filtering data in the environmental space could lead to
better performance (Varela et al., 2014) and less information loss
(Castellanos et al., 2019).

All the aspects discussed so far concern the capacity of ENMs,
unbiased, biased and corrected to model the true distribution of
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habitat suitability of virtual species. In addition, we aimed to com-
plement this analysis with an assessment of model performance
at recovering the shape of response curves, such as in Bazzichetto
et al. (2023) or Inman et al. (2021). We carried out this analysis for
the GLMs only, since they were calibrated in such a way that they
could directly model the true response of both variables involved
in the definition of virtual species (although regression on the tem-
perature variable was not carried out with the original function but
simply by a quadratic approximation). Surprisingly, we found little
correlation between GLMs' ability to model response curves and to
predict species distributions (Figure Sé). Several methods of com-
paring the modelled and true response curves have been tried, such
as by comparing the area under the curves, which gave similar re-
sults as the method we used (calculating the average distance be-
tween points on the curves). Given that there was no clear pattern of
model improvement across spatial filtering distances, it is once again
impossible to use this approach to recommend an optimal filtering
distance.

5 | CONCLUSION

Despite two decades of rapid methodological advances, modelling
ecological niches remains a challenge for biogeographers. This is
made even more difficult by the existence of numerous correlates
of sampling effort, such as accessibility or population densities,
which generate biases in the available data. In the current context of
global changes and biodiversity crisis, it is crucial to be able to han-
dle this bias, particularly when models are used for the purpose of
delineating protected areas or managing threatened species. In this
study, we aimed to identify the optimal distance for filtering biased
occurrence data in different contexts, a strategy that is frequently
employed despite the absence of guidelines to select that distance.
Clearly, we failed in this regard. We are confident that although
there is always ground for improvement, our methodology was ro-
bust and adequate to find this optimal filtering distance. Instead, our
results suggest that such an optimal filtering distance may not actu-
ally exist. The spatial filtering approach appears to yield little benefit
when the initial bias is low, and it struggles to sufficiently mitigate
strong sampling biases. Still, we highlighted an apparent interaction
between species traits (here climate specialisation), the strength of
the bias and sample size in the ability of spatial filtering to correct for
sampling bias. In light of these results, we recommend spatial filter-
ing to be employed—carefully—only when enough data are available,
and to explore alternative options of sampling bias correction for

small sample sizes.
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Figure S1: Illustration representing the calculation of GLMs’ performance in recovering the true
response curve. The distance between the true and modelled suitability is extracted along a gradient
of temperature (or precipitation). At each integer value of the variable, the proportional difference
between the predicted and true suitability is computed, and later averaged to produce a similarity
index ranging between 0 and 1.
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